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Abstract

The success of visual tracking has been largely driven by
datasets with manual box annotations. However, these box
annotations require tremendous human effort, limiting the
scale and diversity of existing tracking datasets. In this
work, we present a novel Self-Supervised Tracking frame-
work named SSTrack, designed to eliminate the need of box
annotations. Specifically, a decoupled spatio-temporal con-
sistency training framework is proposed to learn rich target
information across timestamps through global spatial local-
ization and local temporal association. This allows for the
simulation of appearance and motion variations of instances
in real-world scenarios. Furthermore, an instance contrastive
loss is designed to learn instance-level correspondences from
a multi-view perspective, offering robust instance supervision
without additional labels. This new design paradigm enables
SSTrack to effectively learn generic tracking representations
in a self-supervised manner, while reducing reliance on exten-
sive box annotations. Extensive experiments on nine bench-
mark datasets demonstrate that SSTrack surpasses SOTA self-
supervised tracking methods, achieving an improvement of
more than 25.3%, 20.4%, and 14.8% in AUC (AO) score on
the GOT10K, LaSOT, TrackingNet datasets, respectively.

Code — https://github.com/GXNU-ZhonglLab/SSTrack

Introduction

Given an arbitrarily initial target, visual object tracking
(VOT) requires recognizing and tracking an object in sub-
sequent video frames. To accomplish this computer vision
task, current high-performance visual tracking algorithms
are typically trained using the full bounding box annotations
of published tracking datasets (Fan et al. 2019; Miiller et al.
2018; Lin et al. 2014; Huang, Zhao, and Huang 2021), as
shown in Fig.1(a). However, the bounding boxes in existing
VOT benchmarks rely on tremendous human efforts, mak-
ing it difficult to expand their scale and diversity, such as the
number of arbitrary tracked objects and open tracking sce-
narios. This poses a challenge for transformer-based track-
ing algorithms (Ye et al. 2022; Cui et al. 2022; Xing et al.
2023; Zheng et al. 2024), as they tend to be particularly data-
hungry. From this perspective, equipping a model with the
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Figure 1: The annotation requirements of different tracking
tasks and our proposed framework. (a) The fully-supervised
tracking methods (Li et al. 2019; Chen et al. 2021) with
frame-wise annotations. (b) The self-supervised tracking
methods (Sio et al. 2020; Yuan et al. 2020) with one-frame
annotation. (¢) Our self-supervised tracking method based
on decoupled spatio-temporal consistency training frame-
work and instance contrastive loss.

ability to automatically learn to track instances from unla-
beled videos becomes crucial in the field of visual tracking.
Therefore, as shown in Fig.1(b), we reconsider the need for
box annotations by exploring a new self-supervised tracking
algorithm under an initial bounding box setting.

To minimize the reliance on box annotations, some self-
supervised tracking methods (Wang, Jabri, and Efros 2019;
Sio et al. 2020; Yuan et al. 2020; Li et al. 2023) have been
proposed to learn object correspondences from unlabeled
videos. They learn instance tracking representations through
contrastive learning or cycle-consistency matching strate-
gies. For instance, S2SiamFC (Sio et al. 2020) and TADS
(Li et al. 2023), based on supervised tracking methods, gen-
erate training pairs through random region selection and
data augmentation to train self-supervised trackers. Mean-



while, self-SDCT (Yuan et al. 2020) and CycleSiam (Yuan,
Wang, and Chen 2020) rely on the principle of cyclic con-
sistency to construct a self-supervised tracking framework
with forward-backward alignment. Despite previous studies
performing well in most tracking scenarios, they still face
a significant performance bottleneck due fo the difficulty in
effectively leveraging the rich spatio-temporal context and
instance correspondence in continuous video frames.

In this work, we propose a novel self-supervised visual
tracking framework, called SSTrack, which aims to elim-
inate the need for expensive manual annotations while ef-
ficiently injecting spatio-temporal contextual information.
As shown in Fig.1(c), we reconsider the design of the self-
supervised tracking framework from a new perspective. Un-
like fully supervised methods (Cai, Liu, and Wang 2024;
Zheng et al. 2024; Bai et al. 2024) that capture context
through multi-frame inputs, directly learning temporal con-
text in self-supervised tracking is a significant challenge
due to the lack of annotated video data. To address this
challenge, a decoupled spatio-temporal consistency training
framework is introduced to automatically learn rich target
information across timestamps. Specifically, we first per-
form forward tracking, globally searching for the spatial
position of object. Then, we conduct backward tracking,
locally perceiving the appearance and motion (temporal)
changes of the instance. Through this decoupled learning ap-
proach, we achieve global spatial localization and local tem-
poral association within a unified framework, thereby effec-
tively utilizing both labeled and unlabeled video data. Fur-
thermore, we introduce an instance contrastive loss function
to learn instance-level correspondence across views, pro-
viding robust instance supervision without any labels. This
new design paradigm enables SSTrack to effectively learn
generic tracking representations in a self-supervised man-
ner, while reducing reliance on extensive box annotations.
Extensive experiments show that our approach achieves ex-
cellent tracking performance with limited annotations and
significantly narrows the performance gap between self- and
fully supervised tracking methods. The main contributions
of this work are as follows.

* We propose a novel self-supervised tracking pipeline
named SSTrack, based on a decoupled spatio-temporal
consistency training framework. It end-to-end learns
cross-frame target representations via global spatial lo-
calization and local temporal association.

We introduce an instance contrastive loss function to
learn instance-level correspondence from a multi-view
perspective, offering robust instance supervision without
any labels.

Our tracker achieves a new SOTA tracking results on nine
visual tracking benchmarks, including GOT10K, LaSOT,
TrackingNet, LaSOT.¢, VOT2020, TNL2K, VOT2018,
UAV 123 and OTB100.

Related Work
Fully-Supervised Tracking Methods

The prevailing visual tracking algorithms (Bertinetto et al.
2016; Chen et al. 2020; Yan et al. 2021; Ye et al. 2022)
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predominantly adhere to the supervised tracking paradigm
and achieve high performance by training on large-scale la-
beled datasets such as LaSOT (Fan et al. 2019), TrackingNet
(Miiller et al. 2018), COCO (Lin et al. 2014), and GOT10K
(Huang, Zhao, and Huang 2021). These supervised track-
ing algorithms can be broadly categorized into two types:
Siamese tracking framework (Bertinetto et al. 2016; Li et al.
2018; Chen et al. 2020; Cheng et al. 2021; Zhang and Peng
2019) and Transformer tracking framework (Ye et al. 2022;
Cui et al. 2022; Chen et al. 2022; Xing et al. 2023; Zheng
et al. 2024). The former typically follows a three-stage ap-
proach involving feature extraction, fusion, and bounding
box prediction for visual tracking, while the latter generally
employs a transformer network to simultaneously perform
feature extraction and fusion.

Benefiting from training datasets with thousands of man-
ual bounding box annotations, these methods have achieved
significant performance gains. However, constructing large-
scale video datasets is exceedingly time-consuming and
costly, making it challenging to keep pace with rapid ad-
vancements in supervised tracking algorithms and often
leading to gaps between data distributions in real-world
scenarios. Essentially, the availability of large-scale, high-
quality datasets is increasingly becoming a bottleneck for
the progress of supervised tracking. Thus, there is an urgent
need to research a novel and effective self-supervised track-
ing framework to alleviate this problem.

Self-Supervised Tracking Methods

Unlike mainstream fully-supervised tracking algorithms,
self-supervised tracking algorithms (Sio et al. 2020; Yuan
et al. 2020; Li et al. 2023) face greater challenges due
to the lack of sufficient supervision signals. Current self-
supervised tracking frameworks are typically divided into
those based on cycle consistency and those based on con-
trastive learning methods. 1) Cyclic-consistency based self-
supervised tracking methods. self-SDCT (Yuan et al. 2020)
introduces a multi-cycle consistency loss and low similar-
ity dropout strategy to train the feature extraction network,
enhancing the robustness of the self-supervised tracker. Cy-
cleSiam (Yuan, Wang, and Chen 2020) leverages cycle-
consistent techniques, along with region proposal and mask
regression networks, to explore a Siamese self-supervised
tracking framework that simultaneously performs tracking
and segmentation tasks. 2) Contrastive learning based self-
supervised tracking methods. S?SiamFC (Sio et al. 2020)
randomly selects a region of the image and a corresponding
enlarged region as a sampling pair, and proposes adversarial
appearance masking technique for self-supervised tracking.
However, this training strategy tends to sample low-quality
sample pairs and fails to utilize temporal information from
multiple consecutive frames. TADS (Li et al. 2023) proposes
a generalized data augmentation technique such as crop-
transform-paste operation and is based on several supervised
tracking frameworks (Li et al. 2019; Chen et al. 2021) to
train high performance self-supervised trackers.

Inspired by these studies, researching visual tracking al-
gorithms with minimal supervision signals emerges as a
highly promising direction. However, unlike these works,
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Figure 2: SSTrack training and inference pipeline. 1) Forward Tracking: Given an initial frame and a global search frame, our
method performs a global search to identify potential target locations. 2) Backward Tracking: We apply local cropping and data
augmentation to the original image pairs, generating two video clips with different views as inputs to our model. This simulates
the diverse appearance changes of target in real-world scenarios. 3) Instance Contrastive Learning: An instance contrastive loss
is introduced to learn the similarity between different instances, achieving a robust instance tracking representation.

we introduce a new self-supervised training framework
from the perspective of decoupled spatio-temporal model-
ing, which avoids the impact of low-quality sample pairs
on the training process. Furthermore, we propose a novel
baseline method named SSTrack, focusing on unlocking the
potential of self-supervised tracking by collecting and cor-
relating target information across timestamps and views.

Methodology

In this section, we first revisit the definition of the self-
supervised visual tracking task and briefly introduce our
SSTrack framework. We then provide a detailed descrip-
tion of SSTrack’s two components: the decoupled spatio-
temporal consistency training framework and the instance
contrastive loss.

Self-Supervised Pipeline: SSTrack

Task Definition. Given the initial information (bounding
box annotation) of any instance in the first frame, the self-
supervised visual tracking task aims to train a tracker from
completely unlabeled videos and accurately locate the target
in subsequent video frames.

Framework Formulation. In order to comprehensively
understand our novel self-supervised tracking framework, it
is necessary to summarize the previous mainstream fully su-
pervised tracking methods (Li et al. 2019; Ye et al. 2022;
Xing et al. 2023; Zheng et al. 2024).
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Despite differences in technical solutions, nearly all top-
performing fully supervised methods are based on a com-
mon principle: embedding paired frame and bounding box,
such as (I, By.), into the tracking network £. As a result, we
summarize the fully supervised tracking as follows:

Bs :g(ISa{(IraBr)}n)7 (1)

where B, is the bounding box predicted for a given search
frame I,. {(,, B,)},, represents a pair (initial) or multiple
pairs of frames and bounding boxes. Then, {(/,, B,)},, are
used to guide the localization of the search frame I.
Although the field of visual tracking is dominated by
fully-supervised algorithms, exploring visual tracking al-
gorithms based on other or minimal supervision signals
is a highly promising research direction, as it offers the
potential to eliminate dependency on labeled data. There-
fore, as shown in Fig.2, we introduce SSTrack, a new self-
supervised tracking method based on a decoupled spatio-
temporal consistency training framework. Meanwhile, we
propose a simple and effective instance contrastive loss to
achieve high-performance self-supervised tracking.
Theoretically, our self-supervised framework jointly
learns bounding box decoding and general tracking repre-
sentation from unlabeled videos. It not only leverages the
powerful idea of cyclic consistency training strategy, but
also inherits the advantages of contrastive learning in gen-
eral representation learning. Specifically, our self-supervised
solution is divided into two stages: forward tracking and
backward tracking. To easily understand the self-supervised



tracking process, we use V to denote the specific target con-
text learned from the reference {(I,, B;)},,, and then we
iteratively employ tracking network £ ¢ times in a forward
manner from time step ¢ — i to ¢:

By = &I, V)
= S(Izila‘S(I;izv .”75(]?71‘, V)))

In the backward tracking phase, the tracker £ is employed
backwards 7 times from time step ¢ to ¢ — 4:

Byt =EUITY)
= ST TR, L E(I, V).

(@)

3

Based on the above formulation, we can construct a self-
supervised tracking framework. We further develop opti-
mization objectives for the proposed model to effectively
learn the target correspondence from unlabeled videos.
Specifically, we choose classification and regression losses
as our optimization objectives. The tracking optimization
objective Ly,.qcr can be formulated as:

Etrack = £cls(Bsa Bgt) + £reg (357 Bgt)7 (4)

where L, is the Focal loss (Lin et al. 2017) and L,.., de-
notes the combination of GIoU loss (Rezatofighi et al. 2019)
and £, loss.

Decoupled Spatio-Temporal Consistency Training
Framework

Accurately obtaining target identity information is crucial
for a self-supervised tracking framework. A straightforward
approach is to randomly crop diverse local regions as train-
ing sample pairs, aligning with the configuration of tradi-
tional local trackers (Sio et al. 2020). However, this method
tends to produce low-quality sample pairs and fails to effec-
tively leverage the rich spatio-temporal context, thus becom-
ing a performance bottleneck for self-supervised tracking
algorithms. In contrast, we believe a good self-supervised
tracking algorithm should automatically locate target in-
stance from a global region, without being limited to a local
tracking setup. As a result, we propose a novel decoupled
spatio-temporal consistency training framework that seam-
lessly switches between global and local tracking, automat-
ically identifying and locating instance.

To simplify the model design, we do not add an additional
global tracker but instead use a shared ViT (Dosovitskiy
et al. 2021) as the fundamental tracking network. Specifi-
cally, we decouple forward-backward tracking into global
and local tracking. In the forward tracking stage, given an
initial frame I, € R3*~*Wr and an uncropped/full search
frame I, € R3*HsxWs the ViT receives them and performs
joint feature extraction and fusion to globally search for the
potential target’s spatial location. Based on the current track-
ing results, we then crop the full search frame online to
match the size of the template frame, which serves as the
template frame for backward tracking. Simultaneously, we
apply data augmentation operations, such as scaling, shear-
ing, and blurring, to the initial frame to generate multiple
video frames with different views, which serve as the search
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Algorithm 1: The SSTrack training process

Input: Initial frame and bounding box (I, B,); Search
frame [:=%7
Output: B! in subsequent frames

: I/ Forward tracking
: fort=2tondo
B.ﬁ =& (1.5, (Ir, By))
Crop I based on B! yields a new reference frame I?,.
end for
/I Backward tracking
Expand I, to get multiple new views I}™
fort=1tomdo
B! = € (I'.{(Iur, Bor)},)
end for
: I/ Tracking and contrastive losses
: Calculate loss using Eq.6 and update parameters.
: return B!
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frames for backward tracking. This approach allows our
model to simulate and learn the diverse appearance changes
of target instance in real-world scenarios during backward
tracking, achieving temporal cross-frame association.

With this decoupled learning way, we achieve global spa-
tial localization and local temporal association within a uni-
fied tracking framework. This effectively leverages both la-
beled and unlabeled video data, making it easy to learn tar-
get correspondences across timestamps from diverse scenar-
ios. It is worth noting that the proposed decoupled spatio-
temporal consistency training framework is used only dur-
ing the training phase. To improve inference efficiency, we
retain only the local (backward) tracking component for the
inference model.

Instance Contrastive Learning

Another performance bottleneck of traditional self-
supervised tracking algorithms is the difficulty in learning
a robust instance representation. A mature visual tracker
must accurately locate the target from diverse and complex
backgrounds, requiring the ability to distinguish between
different instances. However, directly applying contrastive
learning methods (He et al. 2020; Oord, Li, and Vinyals
2018; Chen and He 2021) in self-supervised tracking to
improve feature discriminability is not feasible, as they rely
on clean, target-centered images. In other words, due to the
highly open nature of instances and scenarios in the tracking
domain, frame-level similarity learning is insufficient to
distinguish instances in complex scenarios. Therefore, we
introduce a simple yet effective instance contrastive loss
function that mines rich instance information from a large
number of unlabeled video sequences to efficiently learn
diverse instance correspondences.

Given an initial frame I,, € R3*H»*Wr we apply various
data augmentation operations to generate different views,
simulating the appearance changes of the object at differ-
ent timestamps in the video, thereby automatically obtain-
ing target correspondences. Since annotations are unknown
in the contrastive learning process, we design an additional



Tracker | Type Resolution Params FLOPs Speed Device
SeqTrack ViT-B 384 x 384 89M 148G 21fps  A100
AQATrack | HiVIT-B 384 x 384  72M 58G  57fps  A100
SSTrack ViT-B 384 x 384  92M 73G  59fps  Al00

Table 1: Comparison of model parameters, FLOPs, and in-
ference speed.

mask matrix M for each view based on the prediction re-
sults to extract the target instance from the background,
where 1 represents the target region and O represents the
background region. Subsequently, we perform a pooling op-
eration to obtain the corresponding target representation,
achieving instance supervision without any labels. Formally,
our instance-level contrastive loss function is as follows:

exp(sim(q,4™)/7)
—cq- exp(sim(q,q7)/T)’

Econt - - quQ IOg Eq (5)
where () represents the set of all potential instances in a
batch. ¢+ and ¢~ denote the positive and negative samples
to q, respectively. Positive samples are different views of the
same instance obtained through various data augmentation
operations. Negative samples come from different instances.
Additionally, sim(-) denotes the cosine similarity between
any sample pairs and 7 is a temperature parameter.

Through this learning process, we make the representa-
tions of the same instance as similar as possible in the fea-
ture space while maximizing the distance between represen-
tations of different instances. This allows our model to ef-
fectively learn robust instance tracking representations in a
self-supervised manner, reducing reliance on extensive box
annotations. The overall optimization objective can be for-
mulated as:

‘Call = l:track: + ‘Ccont- (6)

Finally, we summarize the process of the proposed self-
supervised tracking algorithm as shown in the Algorithm 1.

Experiments
Implementation Details

We use a ViT-Base (Dosovitskiy et al. 2021) model with
DropMAE (Wu et al. 2023) pre-trained parameters as the
visual encoder. The training data includes LaSOT (Fan et al.
2019), GOT-10k (Huang, Zhao, and Huang 2021), Track-
ingNet (Miiller et al. 2018), and COCO (Lin et al. 2014).
The AdamW (Loshchilov and Hutter 2019) is used to end-
to-end optimize model parameters with initial learning rate
of 2.5 x 10~? for the backbone, 2.5 x 10~* for the rest, and
set the weight decay to 10~%. The training epochs is set to
150 epochs. 10k image pairs are randomly sampled in each
epoch. The learning rate drops by a factor of 10 after 120
epochs. The model is conducted on a server with two 80GB
Tesla A100 GPUs and set the batch size to be 8. For for-
ward tracking, we use one reference frame and three global
search frames as the model input. For backward tracking, we
use three reference frames and two cropped search frames
as the input. The reference and search frames for backward
tracking are derived from the search and reference frames of
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forward tracking, with the reference frames augmented from
different views.

On the other hand, we analyze the parameters, FLOPs,
and inference speed of different models. As shown in Tab.1,
our SSTrack runs at 59 fps on an A100 GPU. Compared
to SeqTrack (Chen et al. 2023) and AQATrack (Xie et al.
2024), we achieve faster inference speed.

Comparison with the SOTA

We compare the performance of our method with previous
self-supervised tracking methods on the GOT10K (Huang,
Zhao, and Huang 2021), LaSOT (Fan et al. 2019), Track-
ingNet (Miiller et al. 2018), OTB100 (Wu, Lim, and Yang
2015), UAV123 (Mueller, Smith, and Ghanem 2016), and
VOT2018 (Kristan et al. 2018) datasets. We then com-
pare our tracker with more fully supervised methods on the
LaSOTcy (Fan et al. 2021), TNL2K (Wang et al. 2021b),
and VOT2020 (Kristan, Leonardis, and et.al 2020) datasets.

GOT10K. GOT10K is a popular general tracking bench-
mark containing over 10,000 video sequences. Under the
one-shot protocol of the GOT10K dataset, we compare our
SSTrack with both self- and fully- supervised algorithms. As
shown in the Tab.2, compared to the self-supervised method
TADS, our tracker significantly outperforms by 25.7%,
27.1%, and 45.1% in AO, SRy 5, and SR 75 metrics, respec-
tively. Additionally, our method significantly narrows the
performance gap with fully supervised methods. This per-
formance gain is primarily attributed to the proposed decou-
pled spatio-temporal consistency training framework, which
effectively leverages both labeled and unlabeled video data
to learn the spatio-temporal context of target instance.

LaSOT. LaSOT is a classic long-term tracking bench-
mark, comprising 1120 training sequences and 280 test se-
quences. As shown in the Tab.2, compared to the self-
supervised method TADS, our method improves the suc-
cess, normalized precision, and precision score by 20.4%,
22.2%, and 25.9%, respectively. Additionally, compared to
the state-of-the-art supervised method ODTrack, the AUC
score gap of our self-supervised tracker is reduced to 7.3%.
These results indicate that the proposed instance contrastive
loss function helps the model learn the appearance and
motion information of target, significantly enhancing self-
supervised tracking performance in long-term scenarios.

TrackingNet. TrackingNet is a large-scale tracking
benchmark with extensive manual bounding box annota-
tions, offering a testset with 511 video sequences. As shown
in Tab.2, our tracker achieves excellent results in short-
term tracking scenarios. For example, compared to the self-
supervised method TADS, SSTrack surpasses it by 14.8%
in AUC score. Additionally, compared to the state-of-the-art
supervised tracker ARTrackV?2, SSTrack is only 3.5% lower
in normalized precision, significantly enhancing the poten-
tial of self-supervised tracking algorithms.

OTB100, UAV123, and VOT2018. OTB100, UAV123,
and VOT2018 are widely-used visual tracking datasets,
comprising a variety of video sequences that pose challenges
such as occlusion, lighting variations, motion changes,
and camera motion. As indicated in Tab.3, compared to
most self/fully-supervised tracking methods, our approach



Type Method GOT10K* LaSOT TrackingNet LaSOT ey
A0 SRys; SRom | AUC Prxorm P | AUC Prnorm P | AUC Prnomm P
SiamPRN++ (Li et al. 2019) 51.7 61.6 325 49.6 569 49.1 | 733 80.0 694 | 340 416 39.6
DiMP (Bhat et al. 2019) 61.1 717 49.2 569 650 567 | 740 80.1 68.7 | 392 476 451
SiamRCNN (Voigtlaender et al. 2020) | 64.9  72.8 59.7 64.8 72.2 - 81.2 854  80.0 - - -
Ocean (Zhang et al. 2020) 61.1 721 473 56.0 65.1  56.6 - - - - - -
STMTrack (Fu et al. 2021) 642 737 57.5 60.6 693 633 | 80.3 85.1 76.7 - - -
TrDiMP (Wang et al. 2021a) 67.1 777 58.3 63.9 - 61.4 | 78.4 83.3 73.1 - - -
TransT (Chen et al. 2021) 67.1 76.8 60.9 649 738 69.0 | 814 867 80.3 - - -
Stark (Yan et al. 2021) 68.8 78.1 64.1 67.1 77.0 - 820 86.9 - - - -
KeepTrack (Mayer et al. 2021) - - - 67.1 772 70.2 - - - 48.2 - -
SBT-B (Xie et al. 2022) 699 804 63.6 65.9 - 70.0 - - - - - -
Fully Sup Mixformer (Cui et al. 2022) 70.7  80.0 67.8 69.2 787 747 | 83.1 88.1 81.6 - - -
TransInMo (Guo et al. 2022) - - - 65.7 76.0 70.7 | 81.7 - - - - -
OSTrack (Ye et al. 2022) 737 832 70.8 71.1 81.1 776 | 839 885 832 | 505 613 576
AiATrack (Gao et al. 2022) 69.6 80.0 63.2 69.0 794 73.8 | 827 87.8 804 | 477 556 554
SeqTrack (Chen et al. 2023) 745 843 71.4 71.5 81.1 778 | 839 88.8 83.6 | 50.5 61.6 575
GRM (Gao, Zhou, and Zhang 2023) 734 829 70.4 699 793 758 | 84.0 887 833 - - -
VideoTrack (Xie et al. 2023) 729 819 69.8 70.2 - 76.4 | 83.8 88.7 83.1 - - -
ARTrack (Xing et al. 2023) 75.5 843 74.3 72,6 817 79.1 | 85.1 89.1 848 | 519 620 585
EVPTrack (Shi et al. 2024) 76.6  86.7 73.9 72.7 829 803 | 84.4  89.1 - 53.7 655 619
ODTrack (Zheng et al. 2024) 77.0 879 75.1 732 832 80.6 | 85.1 90.1 849 | 524 639 60.1
HIPTrack (Cai, Liu, and Wang 2024) | 77.4  88.0 74.5 72.7 829 795 | 845 89.1  83.8 - - -
AQATrack (Xie et al. 2024) 76.0 85.2 74.9 72.7 829 80.2 | 84.8 89.3 843 | 52.7 642 60.8
ARTrackV2 (Bai et al. 2024) 77.5 86.0 75.5 73.0 82.0 79.6 | 85.7 89.8 855 ] 529 634 59.1
TADS (Li et al. 2023) 46.7  56.5 21.1 455 542 448 | 656 734 60.6 - - -
Self Sup | SSTrack-256 67.1 76.6 59.1 | 648 752 69.7 | 80.1 86.7 789 | 462 578 52.1
SSTrack-384 724 83.6 66.2 659 764 70.7 | 804 863 779 | 485 609 545

Table 2: Comparison with state-of-the-arts on four popular benchmarks: GOT10K, LaSOT, TrackingNet, and LaSOT ;. Where
* denotes for trackers only trained on GOT10K. Best in bold, second best underlined.

Fully Supervised Tracking Self Supervised Tracking

Datesets ‘ATOM Ocean DiMP TransT TrDIMP Mixformer HIPTrack ‘ $2SiamFC  CycleSiam  self-SDCT TADS ~SSTrack-256 SSTrack-384

OTB100(AUC) | 67.1 68.4 68.4 69.4 67.5 70.0 71.0 63.8 65.3 67.9 70.5
UAVI123(AUC) | 64.3 - 65.3 69.1 67.5 70.4 70.5 - - 50.1 55.2 65.5 66.1
VOT2018(Acc) | 0.590 0592  0.597 - - 0.463 0.562 - - 0.587 0.630

Table 3: Comparison with SOTA methods on OTB100, UAV123, and VOT2018 datasets. Best in bold, second best underlined.

achieves excellent results across the OTB dataset. Specif-
ically, our SSTrack outperforms TADS by 10.9% in AUC
score on the UAV 123 dataset. Additionally, our tracker also
surpasses CycleSiam by 6.8% in accuracy on the VOT2018
dataset. These results demonstrate that our tracker maintains
excellent generalization across various tracking scenarios.
LaSOTy, TNL2K, and VOT2020. LaSOT,,, TNL2K,
and VOT2020 are large-scale tracking datasets that include
more challenging video sequences. Most state-of-the-art su- 3
pervised trackers are evaluated on these benchmarks to ver- —Ground Truth ~ —SSTrack — TADS TransT

ify their accuracy and robustness. As shown in Tab.2, 4, and ) o ) )
5, our self-supervised tracking framework achieves compet- Figure 3: Qualitative comparison of our tracker with self-
itive results and significantly narrows the performance gap and fully- supervised trackers on LaSOT benchmark.

with fully supervised methods. These results demonstrate
the effectiveness of our proposed method, achieving good

tracking performance even with limited annotations. of 26.8% in AO score. By incorporating spatio-temporal
context into our self-supervised framework, the tracking
Ablation Study performance improves by an additional 2.2% in AO score.
Importance of decoup]ed spatio-temporal consistency These results indicate that the deCOUpled training frame-
training framework. As shown in Tab.6, baseline repre- work effectively learns instance correspondences across var-
sents a self-supervised model based on contrastive learning. ious tracking scenarios, playing a crucial role in our self-
When we introduce our decoupled training framework, its supervised tracking framework.
performance significantly improves, achieving an increase Importance of instance contrastive loss. As shown in
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Fully Supervised Tracking Self Sup

Metrics | GiimFC MDNet SiamRPN++ Ocean TransT OSTrack SeqTrack ARTrack F-BDMTrack ODTrack AQATrack | SSTrack-256 SSTrack-384
AUC(%) | 295 38.0 413 384 507 55.9 56.4 59.8 57.8 60.9 59.3 52.1 53.8
P(%) 286 37.1 41.2 377 517 - - - 64.5 62.3 533 553

Table 4: Comparison with state-of-the-art methods on TNL2K benchmark. Our results are in bold and underline.

Metrics Fully Supervised Tracking Self Sup
STM  SiamMask Ocean D3S  AlphaRef Ocean+ STARK SBT Mixformer SeqTrack ODTrack | SSTrack-256 SSTrack-384
EAO(T) 0.308 0.321 0430 0.439 0.482 0.491 0.505  0.515 0.535 0.522 0.581 0.458 0.503
Accuracy(T) 0.751 0.624 0.693  0.699 0.754 0.685 0.759  0.752 0.761 - 0.764 0.664 0.754
Robustness(1) | 0.574 0.648 0.754  0.769 0.777 0.842 0.819  0.825 0.854 - 0.877 0.839 0.816

Table 5: Comparison with state-of-the-art methods on VOT2020 benchmark. Our results are in bold and underline.

# Method | AO SRos SRg.rs # Shear Blur LSJ ‘ AO SRgps SRg7s
1 Baseline \ 41.8 452 14.3 1 v v v 70.3 81.2 63.3
2 Decoupled training w/o context | 68.6  78.1 60.1 2 X 69.4 80.5 62.4
3 + Spatio-temporal context 70.8 82.2 64.6 3 X 69.3 79.8 61.3
4 + Instance contrastive loss 724  83.6 66.2 4 X 69.0 80.0 61.6
5 68.6 78.1 60.1

Table 6: Ablation studies of our tracker variants in GOT-10k.
Table 8: Comparison of different data augmentations.

# Pre-trained Model | AO  SRg5  SRy.75

1 MAE 62.7 71.1 54.1 . . .
) DropMAE 68.6 78.1 60.1 proposed framework. Fig.3 presents a visual comparison

of our SSTrack with the advanced self-supervised tracker
TADS and the fully-supervised tracker TransT. By effec-
tively learning the spatio-temporal context of object in a
self-supervised manner and improving the instance features
discriminability through contrastive learning, our model per-
forms exceptionally well in various complex scenarios, even

Table 7: Comparison of different pre-trained models.

the fourth row of Tab.6, by adding the instance contrastive
loss to our self-supervised framework, our tracker improves

by 1.6%, 1.4%, and 1.6% in AO, SR 5, and SRy 75 met- rival.ing% ful.ly super'vised tracking algorithms.
rics, respectively. This result demonstrates that the instance Limitation. This work leverages the powerful advan-
contrastive loss effectively enhances the discriminability of tages of the decoupled spatio-temporal consistency train-
instance representations in self-supervised learning, thereby ing framework and instance contrastive learning to design
improving the tracking performance of our model. a novel self-supervised tracking algorithm. Despite achiev-
Effect of pre-trained model. We conduct experiments in ing remarkable results, we observe that the performance of
Tab.7 to validate the impact of different pre-trained mod- backward tracking som;what depe'nds on Fhe localization ac-
els on our model. We observe that by replacing the MAE curacy of forward tracking. Thus, improving the accuracy of
pre-trained model with DropMAE, our model achieves a forward tragkmg coqld further fenhance the.performance.of
performance gain of 5.9% in AO score. This demonstrates self—superv1§ed tracklpg, poten'tlally narrowing the gap with
that DropMAE, with temporal correspondence learning, is fully supervised tracking algorithms even more.
more suitable for self-supervised tracking task and more ef-
fectively learns target correspopdences from unlabeled data. Conclusion
Effect of data augmentations. Due to the absence of
annotations, self-supervised algorithms struggle to achieve In this work, we have proposed a self-supervised tracking
sufficient training. To address this issue, we incorporate var- framework named SSTrack, aimed at eliminating the re-
ious data augmentation methods such as shear, blur, and liance on costly box annotations. Specifically, we have intro-
LSJ (Ghiasi et al. 2021). As shown in Tab.8, these augmen- duced a simple yet efficient decoupled spatio-temporal con-
tation methods enhance our model’s ability to learn target sistency training framework to learn rich target appearance
variations from different views by increasing data diversity. and motion information across timestamps. Furthermore, we
In other words, appropriate data augmentation methods im- have proposed an instance contrastive loss function to learn
prove our model’s robustness. instance-level correspondences from a multi-view perspec-
. .. o tive, providing reliable instance supervision without any la-
Visualization and Limitation bels. Extensive experiments have demonstrated the superi-
Visualization. Furthermore, we conduct qualitative exper- ority of our method. We hope this work will further inspire
iments to visually demonstrate the effectiveness of the research into self-supervised tracking algorithms.
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